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Abstract 
The problems of predicting and of pricing residential electricity consumption are closely related to the technical problem of the term 
of stability of pattern. Indeed, the general meaning of the word “pattern” would normally imply an assumption of stability, and here 
we attempt quantifying this notion: from being specific to some measurement data, to being characteristic of a household. Our 
working objective is to assess the stability of electricity consumption by selected Swedish households, and our main statistical
instrument is a specially-devised coefficient of auto-similarity. Households are represented by sequences of readings of energy
consumption, spaced at equal time intervals. 
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1. Introduction 
Residential electricity consumption is an important part of general energy use. Knowledge of 
recurring regularities in the use of electricity by households would be a good base for forecasting 
that use, and hence for solving various practical problems of energy distribution.   
Energy consumption by households has been studied less than the consumption by industries, where 
much is known [1]. In residential consumption, just as in the industrial, the patterns of a sum of 
many independent components should indeed be stable by the statistical “law of large numbers”, 
though the sharply periodical technological processes characteristic of an industry do not appear to 
have obvious residential counterparts. But the stability of individual households appears to be an 
open question.  
Our work focused on the predictability of individual consumption using the past consumption 
readings only, without additional knowledge about residential owners. We noted other attributes, 
such as the total consumption, the area of dwelling, the number of inhabitants, or the income of 
household, but purely for illustration, only roughly checking how they related to the stability of 
consumption. These attributes are clearly of side interest for our paper.
Monitoring the individual household’s consumption requires a metering systems. The data we used 
had been massively collected in a special project [2]. The resulting time series of readings of the 
end-use metering systems came together with attributes of households: number of inhabitants, 
income of household, dwelling area; they thus contained technical and social components.  
We investigated the stability in the electricity consumption of individual households, using the 
coefficient of auto-similarity introduced in [3] as our main tool. We determined the distribution of 
the values of this coefficient for our sample of the Swedish households, and we examined the 
statistical relations between this coefficient and such attributes of a household as the number of its 
inhabitants, income, or floor area. We also put it in relation to the consumption per household 
inhabitant and to the consumption per unit of floor area. All calculations were performed in the 
public domain software R. 
2. Data 
The data we used had been collected in the end-user metering project [2]. Time series for 146 
apartments were considered. For each of them we took a segment of four weeks’ length, consisting 
Available online at www.sciencedirect.com
© 2015 Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
Peer-review under responsibility of Applied Energy Innovation Institute
 T. Mamchych-Mitkalik and F. Wallin /  Energy Procedia  75 ( 2015 )  2738 – 2744 2739
of sequent 168 readings. Time series are hourly spaced. 
3. Methodology 
By saying that the consumption of a household is stable, we roughly mean that for some small 
natural number n, the household generates, during every consecutive n days (e.g. daily, weekly, 
fortnightly, etc.), similar series. How to detect such stability statistically?  
Our search for a tool focused on correlations, the coefficient of correlation of Pearson being the 
standard tool in fitting models for time series. But neither this coefficient, nor any other we knew, 
could readily be applied. Symptomatically, the distance correlation coefficient proposed by Szekely 
[4], for example, compared two series of equal length, attaining its greatest value (one) when 
comparing a series with itself. Such coefficients can detect two households producing similar series, 
but it is not suited to tell whether a household recurrently produces similar series fragments of a 
certain length.  
The two coefficients that we finally devised, one of similarity (for comparing patterns in two 
different series) and one of auto-similarity, were applied in our earlier paper [3] to a few series 
selected for testing the methodology. The testing presently continues but with a larger sample, and 
focusing on the second of the coefficients, of auto-similarity. 
Definition.  Let X and Y be sets of numerical sequences, n and m in number, respectively, all the 
sequences of the same length. For every sequence x in X and every sequence y in Y form their 
Pearson correlation r(x,y) and let T(X,Y) be the geometric mean of the absolute values of all these n
x m numbers. Call the number T(X,Y) the coefficient of similarity of the sets X and Y, and call the 
number T(X) := T(X, X) the coefficient of autosimilarity of the set X.  
Note that T(X, Y) takes on values between zero and one, attaining zero in case of total (Pearson) 
independence of some pair x and y, and attaining one if the elements of every pair are proportional. 
While T(X, Y) measures the similarity between two segmented series, with X and Y being the 
corresponding sets of segments, the number T(X) indicates whether a series exhibits stable 
repetitions of the segment pattern.  
4. Main results 
The coefficient of autosimilarity T was computed for 146 flats, taking seven-day segments. The 
standard statistics are: the minimal value of the coefficient 0.1; the maximal 0.8; average 0.47; 
median 0.48. 
The following plots illustrate visually the difference in the stability of consumption for two flats 
with high coefficient and low coefficient, respectively. In the first case, one can observe aggregated 
four lines (which correspond to four weeks) of hourly consumption during the week, and different 
lines for the second case.  
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The distribution of the coefficient T for the sample is shown by the histogram: 
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The figures Fig. 4 and Fig. 6 that follow, illustrate the computed averages for each time moment 
(for four seven-day segments) for the cases T=0.8 and T=0.1; they show the arithmetical average of 
four lines from Fig. 1 and Fig. 2, respectively. 
In case of high value of the coefficient, one can observe implicite pattern for seven days. 
The pattern showed in Fig. 5, computed as the average for seven days from Fig. 4, may be taken to 
represent the ”typical” daily consumption. 
A graph of the averages for T=0.10, note, can hardly be consided a pattern. 
5.  Auto-similarity and other attributes 
There naturally appears the question of any statistical connections between the coefficient T and 
other observed attributes. Does autosimilarity correlate with such social attributes as number of 
inhabitants or income? 
    5.1. Autosimilarity vs. income and area. 
Let us first look at highest and the lowest values of the coefficients T in the sample. Table 1 
displays the five highest and the five lowest values of the coefficient along with some other 
attributes. The income (in Swedish kronas) is numbered as follows: 1 means “below 8000”, 2 “8 
001 - 17 000”, 3 “17 001 - 25 000”, 4 “25 000 - 33 000”, 5 “33001 - 42 000”, 6 “42 000 or higher”. 
The area (in square meters) is also numbered increasingly: 1 “less than 75”, 2 “75 - 100”, 3 “100 - 
125”, 4 “125 or more”. There are no visible straight dependences here, but note the absence of 
families with 4 or 5 persons, in both groups.   
Table 1. Households with the highest and lowest values of the coefficient of autocorrelation together 
with other attributes 
5 highest values 5 lowest values 
The coeff. of 
autosimilarity 
Number of 
persons
Income Area The coeff. of 
autosimilarity
Number of 
persons
Income Area 
0.80 3 3 2 0.10 1 3 1 
0.78 1 3 2 0.11 1 1 1 
0.76 2 3 2 0.13 1 2 1 
0.76 1 2 1 0.13 1 1 1 
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0.73 1 1 1 0.13 2 2 1 
5.2. Autosimilarity vs. the number of persons.
Implicit links between autosimilarity and number of persons could be expected, as the sum of 
components smoothes individual variations. Nevertheless, the result turned out to be the opposite. 
We did not find significant dependence between these attributes. Larger number of inhabitants does 
not provide higher stability of energy consumption. The coefficient of correlation between the 
coefficient of autosimilarity and the number of inhabitants is 0.137.  
Larger number of inhabitants does not provide higher stability of energy consumption.  
Table 2. Cross-tabulation between the coefficient of autosimilarity and the number of persons 
 The coefficient of autosimilarity 
Pers
ons
0.10 - 
0.20
0.21 - 
0.30
0.31 - 
0.40
0.41 - 
0.50
0.51 - 
0.60
0.61 - 
0.70
0.71 - 
0.80 Sum 
1 5 7 6 7 7 3 3 38 
2 2 5 8 16 13 10 4 58 
3 3 1 3 2 4 6 2 21 
4 1 2 9 2 3 7 0 24 
5 0 1 0 1 0 2 1 5 
Sum 11 16 26 28 27 28 10 146 
All statistics except "Min" do not demonstrate any dependence on the number of persons. 
Table 3. Standard statistics for the coefficients of autosimilarity for different numbers of persons 
Persons 1 2 3 4 5 
Min 0.01 0.13 0.14 0.18 0.28 
Max 0.78 0.76 0.80 0.68 0.73 
Average 0.40 0.50 0.47 0.46 0.54 
Median 0.39 0.52 0.50 0.48 0.58 
5.3. Auto-similarity vs. the total consumption. 
Pearson’s correlation between the coefficient of autosimilarity T and the total consumption is 0.27; 
with the total consumption divided by the number of persons, it is 0.001.   
6. Conclusions 
The stability of electricity consumption is an important characteristic of households, which should 
be taken to account in modelling consumption patterns. 
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The coefficient of autosimilarity used in this paper is a workable indicator of stability. The values of 
the coefficient computed for our sample of the Swedish households showed large enough range, 
covering the interval [0.1; 0.8] (largest possible is [0;1]). The distribution of the coefficient for the 
sample was also obtained. 
For the households with high values of the coefficient, patterns may be found by using suitably 
averaged consumption data. 
No correlation was found between the coefficient of autosimilarity and other observed attributes: 
the number of inhabitants, total consumption, and consumption per inhabitant. Our coefficient 
appears thus to be an independent characteristic of series, which cannot be expressed in terms of the 
noted other attributes. 
The general potential of our coefficient in studying electricity consumption has not yet fully been 
explored; wider testing on field data is necessary. The present results suggest it may prove useful. 
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